Strabismus is one of the most influential ophthalmologic diseases in humans life. Timely detection of strabismus contributes to its prognosis and treatment. Telemedicine, which has great potential to alleviate the growing demand of the diagnosis of ophthalmologic diseases, is an effective method to achieve timely strabismus detection. In addition, deep neural networks are beneficial to achieve fully automated strabismus detection. In this paper, a tele strabismus dataset is founded by the ophthalmologists. Then a new algorithm based on deep neural networks is proposed to achieve automated strabismus detection on the founded tele strabismus dataset. The proposed algorithm consists of two stages. In the first stage, R-FCN is applied to perform eye region segmentation. In the second stage, a deep convolutional neural networks is built and trained in order to classify the segmented eye regions as strabismus or normal. The experimental results on the founded tele strabismus dataset shows that the proposed method can have a good performance on automated strabismus detection for telemedicine application. Code is made publicly available at: https://github.com/jieWeiLu/Strabismus-Detection-for-Telemedicine-Application
Introduction
Strabismus is an ophthalmologic disease in which eyes can not be aligned at the same location [1, 2] , which often occurs in childhood. Strabismus is caused by the problems occurring on optic nerve, brain or extraocular muscle [3] . Risk factors contain premature birth and familial inheritance [4] . Strabismus has a serious impact on human's life. Strabismus can prevent the brain from merging the two images received from both eyes, which leads to amblyopia [5] . The under-treated amblyopic eyes may degenerate, resulting in blindness [6] . Also the double vision and depth perception of strabismus patients are lower than the normal persons. As a result, the prognosis and treatment of strabismus become more and more important in which strabismus detection is the first and one of the most essential steps.
Traditional strabismus detection is performed on the hospital. Doctors use the Hirschberg test [7] to determine whether the patient has strabismus: a thin beam of light is sent into a patient's eyes for the purpose of verifying whether the reflections of each eye is located at the same place on both corneas. With the growing number of strabismus patients, strabismus detection becomes more and more tedious and prone to error. Telemedicine is an effective approach to alleviate the growing demand of strabismus detection [8] . It means making use of telecommunication and computer technology to offer clinical health care from a distance. In [8] , Helveston et.al. use telemedicine to make the diagnosis of strabismus in the places where specialists are unavailable. In such situation, patients' images were captured with digital cameras, and then sent with computers to specialists so that specialists could make the analysis and diagnosis of strabismus from a distance. Moreover, some strabismus detection methods are performed with digital tools. In [9] , Abrahamsson et.al. uses photorefraction to achieve small angle strabismus detection. In [10] To the best of our knowledge, this is the first research of achieving automated strabismus detection for telemedicine application. The major reason is that there are no published tele strabismus datasets. Founding a tele strabismus datasets is not a trivial task since it needs the collaborations of ophthalmologists and patients. Moreover, the images in the tele strabismus datasets are with different sizes, resolutions and backgrounds, and some images only contain parts of the human faces. These factors make it difficult to achieve automated strabismus detection for telemedicine application.
In order to achieve automated strabismus detection for telemedicine applications, in this paper, a tele strabismus dataset is founded firstly, which has been carefully collected and labeled by the ophthalmologists. Some exemplary images 1 in the founded strabismus dataset are shown in Figure 1 . Then deep neural networks are employed in our work to achieve automated strabismus detection. Deep neural networks have grown rapidly in recent years since an effective algorithm of training deep neural networks is introduced in 2006 [14] . Deep neural networks have powerful ability [15, 16] so that they can be used for various applications, such as image analysis and interpretation. Convolutional neural networks (CNNs) are the commonly used architectures of deep neural networks. They are initially applied to solve the challenging problems like handwritten character recognition [17] . Nowadays CNNs have been developed rapidly and used for a a large spectrum of vision problems, such as remote sensing problems [18] and medical problems [19, 20] .
The rest of this paper is structured as follows. Section 2 introduces some knowledge about telemedicine. Section 3 presents the details of the proposed method for automated strabismus detection. Section 4 details the founded tele strabismus dataset and the evaluation metrics. Section 5 provides the experimental results of the proposed method. In Section 6, the conclusions of this paper are provided. 
Telemedicine
Telemedicine means providing interactive health care from a distance by using telecommunication and modern technology, which can achieve the transfer of clinical data and provide the remote clinical diagnosis independent of physical proximity to the patient. Telemedicine has an important influence on patients in remote districts and isolated communities since patients can receive health care from doctors (or specialists) far away and don't have to travel to visit doctors [21] . Telemedicine can alleviate the growing demand of diagnosing various diseases, such as diabetic retinopathy and ophthalmologic diseases. It can provide access of specialists to geographically remote districts. Telemedicine consists of three main categories: store-and-forward, remote monitoring and real-time interactive services. Store-and-forward indicates obtaining medical data, and then sending these data to doctors or specialists for offline physical examination [22] . It is not necessary for doctors and patients to present at the same time. Remote monitoring provides access for specialists to monitor patients remotely with various technological equipments. Real-time interactive services indicates providing real-time interactions between patients and specialists. In this paper, automated strabismus detection belongs to the store-and-forward category.
Methodology
In this paper, a new algorithm based on deep neural networks is proposed to achieve automated strabismus detection. The proposed algorithm is composed of two stages. In the first stage, eye region segmentation is performed by using R-FCN [23] . In the second stage, a CNN is applied to classify the segmented eye regions as strabismus or normal. The framework of the proposed algorithm is shown in Figure 2 .
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Figure 2: The framework of the proposed algorithm
Eye Region Segmentation
Strabismus detection is mainly based on the eye regions of the human faces. In this stage, R-FCN is applied to segment the eye regions. R-FCN is an effective method for object localization. R-FCN consists of two stage: 1) region proposal and 2) region classification. In the first stage, the Region Proposal Network (RPN) [24] is applied to extract the candidate regions (RoIs). In the second stage, the candidate RoIs are classified as object categories or background. In this paper, ResNet-101 [25] is adopted as the backone of R-FCN, and online hard example mining (OHEM) [26] is used to train R-FCN. A number of eye regions are segmented by R-FCN, which are further resized into 224 × 224 × 3 and fed into the established CNNs. For more details about applying R-FCN for eye region segmentation, please refer to the source code at https://github.com/jieWeiLu/StrabismusDetection-for-Telemedicine-Application. Figure 3 and 4 show some exemplary instances of segmented eye regions with strabismus and normal labels.
Establishing Deep Neural Networks
After segmenting the eye regions, a deep CNN is trained to perform eye region classification. The CNN consists of multiple neurons, which are arranged in rectangular layers [27] . The spatial arrangement of neurons is the fundamental property of CNNs, which enables the CNNs to be used for various applications. In addition, Sparse Connectivity, Parameter Sharing and Pooling are the other important properties of CNNs. a) Sparse Connectivity indicates that each neuron in CNNs is only connected to a small region of neurons in the previous layers or the subsequent layers. It is achieved by using a kernel smaller than the input. For example, when performing image classification, the input image may have a lot of pixels, however, only a few useful features, such as edge and shape, are detected by kernels. Sparse Connectivity can reduce the number of stored parameters, which is of great importance to the efficiency of the network. a) Parameter Sharing means that the neurons in the same layer share the same parameters. It indicates that instead of calculating a separate set of parameters for each new location, only one set of parameters need to be calculated. c) Pooling indicates that instead of performing convolution, the aggregations of the neurons output is performed. Max-pooling is the most commonly used pooling function, which aggregates the neurons and output the maximum value in a rectangular neighborhood.
Generally the architecture of a typical CNN is composed of several convolutional layers and pooling layers, finalized with one or more fully connected layers. Convolutional layers are applied to detect important features. Pooling layers are used to preserve task related information and remove irrelevant details [28] . Fully connected layers map the excitations into output neurons, each corresponding to one decision class. Figure  5 and Figure 6 show the CNN architectures used in paper.
Datasets and Evaluation Metrics
In this section, the founded tele strabismus dataset is introduced firstly, followed by providing the evaluation metrics.
Datasets
The tele strabismus dataset contains 5685 images. Each image only contain a human face. 5310 images contain complete human faces while 375 images contain parts of the human faces. The tele strabismus dataset is divided into a training dataset containing 3409 images and a testing dataset containing 2276 images. The training dataset consists of 701 strabismus images and 2708 normal images, while the test dataset is composed of 470 strabismus images and 1806 normal images. These images are captured by various equipments, such as mobile phone and vidicon. Also these images are with various resolutions, ranging from 1033 × 900 to 78 × 150. This dataset has been carefully annotated by the ophthalmologists to achieve automated strabismus detection for telemedicine application.
Evaluation Metrics
Four commonly used evaluation metrics Sensitivity, Specificity, Accuracy and AUC are used in this experiment in order to evaluate the performance of the proposed method:
where TP (true positive), TN (true negative), FP (false positive) and FN (false negavtive) are the numbers of correctly identified strabismus images, correctly identified normal images, incorrectly identified strabismus images and incorrectly identified normal images, respectively. Sensitivity (Se) and Specificity (Sp) indicate the algorithm's ability of identifying normal images and strabismus images. Accuracy (Acc) is used for evaluating the overall classification performance. In addition, the area under the receiver operating characteristic (ROC) [29] curve (AUC) is also applied to evaluate the overall classification performance of the proposed method.
Experiments

Network Architecture and Training Parameters
A range of network architectures are considered in our experiments, of which only two representative architectures are used in this paper. The first network architecture consists of five convolutional layers and three pooling layers, followed by three fully connected layers, as shown in Figure 5 . Each convolutional layer is followed by a Relu layer [30] , an effective activation function to improve the performance of the CNNs. In addition, the dropout strategy [31] is used in the first two fully connected layers in order to prevent overfitting. The second network architecture abandons maxpooling of the first architecture. It is composed of five convolutional layers and three fully connected layers, as shown in Figure 6 . This architecture is chosen for comparison, because it has been shown that networks without pooling layers may perform better when applied to small images [32] .
The network training is performed by the stochastic gradient descent method [33] . L 2 regularization with the weight decay 5 × 10 −4 is used in the network training. The dropout ratio is set as 0.5. The batch size is set as 32. The learning rate is initially set as 0.01 and the training was stopped after 5000 iterations. The implementation was based on Tensorflow [34] , an effective toolbox to train deep neural networks. The training was conducted on a Intel Xeon E5-2690 CPU with a TITAN Xp GPU.
Experimental Results
Three experiments are conducted in order to evaluate the detection performance of the proposed algorithm. In the first experiment, the detection performance was analyzed. In the second experiment, the detection performance of different classifiers was given when CNNs were just applied to perform feature extraction. In the third experiment, the sensitivity analysis of the proposed algorithm to the number of training examples was provided.
The first experiment
The detection results of the proposed algorithm on the founded dataset are shown in Table 1 and Figure  7 . In the first CNN network, it can be observed the proposed algorithm can achieve high scores of Sensitivity=0.9330 and Specificity=0.9617, which indicates that the proposed algorithm can obtain a good detection performance on identifying strabismus images and normal images. The high scores Accuracy=0.9389 and AUC=0.9865 are also obtained by the proposed method, which means that the proposed algorithm can achieve good detection results on the founded strabismus dataset. In the second CNN network, the 
Sensitivity
The first network The second network proposed algorithm also performs well with Sensitivity=0.9524, Specificity=0.9468, Accuracy=0.9512 and AUC=0.9876. Compared with the second CNN network, the proposed algorithm has a slight better detection results on the second CNN network.
The second experiment
The detection results of different classifiers (SVM, Random Forests, Nearest Neighbor and Adaboost) when CNNs are just applied to extract features are shown in Table 2 . In this experiment, the values of neurons in the second to the last layers are extracted as features. Concretely, the values of neurons in the eleventh layer of the first network and the eighth layer of the second network are used as features. From Table 2 , it can 
The third experiment
The sensitivity analysis of the proposed algorithm to the number of training examples is shown in Figure 8 . From Figure 8 , it can be observed that the evaluation metrics Se, Sp, Acc and AUC become better in both CNN networks with the increase of training examples. With less than 1500 training examples, the detection results improves significantly with the increase of training examples. With more than 1500 training examples, the detection results varies slightly with the increase of training examples. From the above observation, we can choose 1500 training examples to train the CNN.
Conclusion
Nowadays strabismus has become an influential ophthalmologic diseases in humans life. Strabismus detection plays an important in the prognosis and treatment of strabismus. Telemedicine is an effective method to achieve timely detection of strabismus. Concretely, store-and-forward, an category of telemedicine, is applied to achieve timely strabismus detection, which means collecting the medical data, and then sending the data to doctors for the physical diagnosis and examination. In this paper, in order to achieve automated strabismus detection for telemedicine application, a tele strabismus dataset is founded firstly, in which the image data are collected and labeled by the specialists. Then a new algorithm based on deep neural networks are proposed to achieve automated strabismus detection. The proposed algorithm first uses R-FCN to perform eye region segmentation, and then classifies the segmented eye regions as strabismus or normal with a deep convolutional neural network. The detection results on the founded tele strabismus dataset demonstrate that the proposed algorithm performs well on automated strabismus detection for telemedicine application. Moreover, to the best of our knowledge, this is the first research of achieving automated strabismus detection for telemedicine application. The major reason is that it is difficult to create a tele strabismus dataset without the help of ophthalmologists and patients. In addition, the properties of the images on the founded tele strabismus dataset, such as image sizes and resolutions, makes it challenging to achieve automated strabismus detection.
In the future, we will continue to work with doctors, and try to apply this research to clinical applications.
